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Abstract—Visualization charts are widely utilized for presenting structured data. Under many circumstances, people want to digitalize

the data in the charts collected from various sources (e.g., papers and websites), in oder to further analyze the data or create new

charts. However, existing automatic and semi-automatic approaches are not always effective due to the variety of charts. In this paper,

we introduce a crowdsourcing approach that leverages human ability to extract data from visualization charts. There are several

challenges. The first is how to avoid tedious human interaction with charts and design effective crowdsourcing tasks. Second, it is

challenging to evaluate worker’s quality for truth inference, because workers may not only provide inaccurate values but also misalign

values to wrong data series. Third, to guarantee quality, one may assign a task to many workers, leading to a high crowdsourcing cost.

To address these challenges, we design an effective crowdsourcing task scheme that splits a chart into simple micro-tasks. We

introduce a novel worker quality model by considering worker’s accuracy and task difficulty. We also devise effective task assignment

and early-termination mechanisms to save the cost. We evaluate our approach on real-world datasets on real crowdsourced platforms,

and the results demonstrate the effectiveness of our method.

Index Terms—Data visualization, crowdsourcing, truth inference, task assignment

Ç

1 INTRODUCTION

VISUALIZATION charts are indispensable to visualize struc-
tured data due to their perceptual advantages [25],

because charts not only help people understand many
aspects of data, such as distribution and variation trend [26],
[27], but also provide intuitive comparisons for data from
different sources [32]. For example, Fig. 1 shows a line chart,
which visualizes the numbers of crowdsourcing papers at
three leading database conferences from 2015 to 2018.

In many cases people want to extract the underlying data
from charts in order to further analyze the data, update the
charts, or create new charts by integrating data from multi-
ple sources [15], [18]. For example, considering Fig. 1, if an
analyst wants to do a survey from 2015 to 2019. Suppose
that she only has the chart (visualizing the data from 2015
to 2018) and the raw data in 2019. She has to first extract the
data from the chart, which is shown in a relational table in
the figure. Then, she simply adds a new column containing
the information of 2019 to the table and redraws a new
chart. Taking another example, a business analyst may be
interested in the financial report of Fortune 500 companies,
which can be obtained in the form of charts. However, if she

wants to manipulate the data in the charts or redesign the
charts, it is important to first digitalize data from the charts.

Indeed, data extraction from charts has attracted much
interest from academia in recent years. Some automatic or
semi-automatic chart data extraction tools have been devel-
oped [18], [35]. Automatic tools like [35] apply computer
vision and machine learning models to first recognize the
text in a chart and then infer the underlying data points. How-
ever, the performance of such methods is far from satisfac-
tory: accuracy of both the text recognition and data point
extraction is around 60 - 70 percent [18]. Some semi-automatic
approaches [18], [35] are also proposed in the HCI commu-
nity. They first leverage the users to specify some core parts
in charts, like drawing the boundary of a chart, identifying
the values of the x-axis and y-axis. They then utilize image
processing tools to extract data. However, these methods also
have several limitations. First, they mostly rely on machine-
based algorithms to extract values in charts, which is also not
accurate enough, especially for charts with complicated pat-
terns(e.g., many legends or intersections). Second, they are
not general and usually have restrictions on the charts to
achieve good performance. For instance, [35] and [18] cannot
handle line and stacked bar charts.

Fortunately, crowdsourcing can be used to leverage hun-
dreds of thousands of crowd workers to solve large-scale
machine-hard tasks. We propose a crowdsourcing chart
data extraction framework CROWDCHART that harnesses
crowd workers on crowdsourcing platforms like Amazon
Mechanical Turk (AMT) [1] to extract data from charts at
relatively low cost. We study the following research chal-
lenges that naturally arise in the framework.

The first challenge is quality control for crowdsourced
chart data extraction. Due to the openness of crowdsourcing,
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workers often yield relatively low-quality results, or even
noise when extracting data from charts. Consider the specific
scenario of chart extraction: workers may be careless when
reading the numbers in a chart, and their quality may also be
affected by visual features of the chart, such as chart type,
log-scaled y-axis, etc. For example, stacked bar charts are
harder to be recognized than pie charts. Moreover, even for
careful workers, their qualitymay be significantly influenced
by a kind of common errors, data series misalignment. For
example, in Fig. 1, a worker extracts the three data points
[5,3,4] in 2017 correctly, but she may align 4 to VLDB and 3 to
ICDE, leading to data series misalignment. Although there
exist some works [36], [42] on crowdsourcing quality control
for numerical data, they cannot effectively address the above
difficulties. We apply a redundancy-based strategy that
assigns a task to multiple workers and aggregates their
answers to infer the truth. We introduce a novel truth infer-
ence model that incorporates worker accuracy, chart charac-
teristics and the effect of misalignment together into a
Gaussian model to measure the worker quality. Based on
this, we develop effective techniques for accurate worker
quality estimation and truth inference.

The second challenge is how to reduce the crowdsourcing
cost. As we may have many charts to extract, a straightfor-
ward method in our redundancy-based strategy may gener-
ate a large number of tasks, which incur significant monetary
cost. To address this, we continuously evaluate the quality of
tasks based on current answers using a confidence-based
model, and introduce an early-termination strategy that ter-
minates the tasks with high-quality inferred results. More-
over, we devise a dynamic task assignment method that
assigns a task to the workers who can mostly improve the
task quality. We estimate the updated truth distributions
based on existing answers and the upcoming workers’ qual-
ity before they answer the task, and then select the best
worker to assign a task. Our method can not only improve
quality, but also early terminates many tasks as early as
possible.

Third, it is challenging to design effective crowdsourcing
tasks for chart extraction. A straightforward method is to
crowdsource an entire chart and ask the worker to submit a
relational table. Obviously, such task is overwhelming to
workers who are usually good at “micro” tasks (see sur-
vey [21]). To address the problem, we design an effective
crowdsourcing task scheme that splits a chart into a batch
of micro-tasks, each of which extracts a specific part of the
chart. Then, we can digitalize the relational table by aggre-
gating crowd answers of the tasks.

To summarize, we make the following contributions.

1) We propose a crowdsourced chart data extraction
framework. To the best of our knowledge, it is the
first systematic work that utilizes the crowd to
extract data from charts.

2) We design a truth inference model to derive accurate
answers and workers’ quality simultaneously.

3) We develop effective task assignment and early-
stopping techniques to largely reduce the crowd-
sourcing cost.

4) We evaluate our approach on real datasets on AMT.
The results demonstrate its superiority over existing
methods.

The rest of the paper is organized as follows. Section 2
reviews related works. Section 3 formalize the problem and
introduce the framework. We propose truth inference and
task assignment techniques in Sections 4.4 and 5.2 respec-
tively. Section 6 presents experiments and we conclude in
Section 7.

2 RELATED WORK

This section reviews the related works which fall into two
categories: 1) algorithms and tools with respect to data
extraction from charts; 2) crowdsourcing techniques includ-
ing cost control, quality control and crowdsourcing system.

Note that this paper extends our conference version [9],
where the main extension is summarized as follows. First,
while the conference version only focuses on truth inference,
this paper introduces a new task assignment approach, which
assigns each incoming worker with a task that achieves the
most improvement of the overall quality. We present the pro-
posed approach and evaluate its performance respectively in
Sections 5.2 and 6.4. Second, comparedwith the short version,
we provide more technical details of truth inference, such as
the inference algorithm as well as its complexity analysis.
Third, for more comprehensive empirical evaluation, we add
more baselines and compare our proposed approaches with
them in Section 6.

2.1 Data Extraction From Charts

Approaches with respect to data extraction from charts can
be categorized into two groups: automatic [17], [35], [44]
and semi-automatic [18], [30], [39] tools. Some automatic
frameworks [16], [17] only focus on extracting legend keys
from charts. [44]. They generate edge maps, vectorize them
and utilize rule-based methods to extract keys from the line,

Fig. 1. Example for chart extraction.
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bar or pie charts. However, these works can not obtain the
numerical data in charts. Moreover, accurate edge maps
are hard to retrieve from real-world charts because of large
variance of charts quality. AI-Zaidy et al. [6] proposed a
method that can only handle bar charts. Savva et al. [35] is a
system that automatically extracts data from bar chart
and pie chart. However, it only achieves 71 and 64 percent
accuracy on bar chart and pie chart respectively and has
many restrictions on styles of charts. For semi-automatic
approaches, WebPlotDigitizer [33] is a digitizing tool that
extracts data from bar, line, pie charts, which has both auto-
matic and manual mode. Since the automatic mode has a
low accuracy because of a simple color detection algorithm,
people always tend to use the manual mode to detect val-
ues. In this mode, the user has to specify much necessary
information, which is tedious and time-consuming, espe-
cially for multi-series data. Similarly, [18], [30], [39] are
semi-automatic tools that require many manual operations
of a user to extract data from a chart, which has poor scal-
ability. Moreover, these approaches always set many con-
strains like distinct colors for each series of data, which
limits the generalization.

2.2 Crowdsourcing

2.2.1 Truth Inference

The most straightforward method to infer the truth from
crowd workers is majority voting(MV). For numerical data
in our problem, the MV takes the average as the truth. How-
ever, MV regards all workers as equal, which does not
always hold in practice. Therefore, some existing state-of-
the-art works[23], [24], [36] have been proposed to infer the
truth of numerical data by considering workers’ quality.
They model each answer as a Gaussian distribution
Nðu; s2Þ, where u is regarded as the truth and s2, the vari-
ance, incorporates the workers’ quality. Shan et al. [36]
focuses on tabular data, taking both categorical and numeri-
cal data into account. Li et al. [23] considers the source (e.g.,
web pages, wiki) reliability and confidence interval of the
variance to obtain a precise estimation. Then the Expecta-
tion Maximization(EM) algorithm [13] is applied to derive
both the workers’ quality and truth. However, these
approaches mentioned above do not consider the character-
istics of the data extraction task in this paper. We take into
many significant factors such as types of charts and types of
Y -axis(log-scale or not) into consideration to model the dif-
ficulty of each question. Then the difficulty is incorporated
into the computation of the Gaussian variance. Also, when
inferring the truth, we consider the misalignment of data,
which is a common phenomenon in data extraction task.

2.2.2 Task Assignment

Task assignment aims to dynamically select which tasks
should be assigned to an incoming worker, which can
improve the quality most. Most crowdsourcing systems
[14], [29] leverage the crowd’s ability to process machine-
hard queries like collecting data from the open world, but
they assign tasks randomly to workers. Li et al. [19], [20],
[22] judiciously select tasks that bring the largest quality
improvement. However, they only focus on tasks with cate-
gorical answers. In this paper, CrowdChart proposes a

confidence-based task assignment model for data extraction
tasks. Given an incoming worker, considering her quality,
we will assign the task that has low confidence and can be
improved much to her.

2.2.3 Other Crowdsourcing Techniques

Recently, crowdsourcing has attractedmuch attention in aca-
demia and industry. To encapsulate the complexity of inter-
acting with the crowd, several crowd-powered database
system like Deco [31], CrowdDB [14] and CDB [19], [20] were
proposed. They implement and optimize crowdsourcing
operators like crowdsourced selection [34], crowdsourced
join [10], [11], crowdsourced sort [28], crowdsourced collec-
tion [8]. The optimization goal is to trade-off the quality, cost
and latency.

3 OVERVIEW

In this section, we first formalize the problem of chart data
extraction in Section 3.1, and then introduce a CROWDCHART

framework in Section 3.2.

3.1 Problem Definitions

This paper focuses on extracting tabular data from visualiza-
tion charts using crowdsourcing. Formally, we define fun-
damental concepts used in our works in this section.

Chart Model. Formally, let us consider a collection of
charts C ¼ fC1; C2; . . . ; CjCjg. For ease of representation, C is
interchangeably utilized to denote both a chart and the data
appearing in the chart. A chart C consists of a sequence of
legend keys, which is denoted by C:K ¼ ½k1; k2; . . . ; km�. A
legend key is used to refer to a group of data visualized in
the chart. For example, the chart in Fig. 1 has three legend
keys, namely SIGMOD, VLDB and ICDE, where each of these
keys identifies the numbers of crowdsourcing papers over
years of the corresponding conference. Based on this, the
data model of a chart is defined as follows.

Definition 3.1 (Chart Data Model). Given a chart C, the
data visualized in C consists of the following two elements: (1)
A sequence of keys K ¼ ½k1; k2; . . . ; km�; (2) a set of tuples
T ¼ ft1; t2; . . . ; tng, where each tuple ti ¼ ½ti1; ti2; . . . ; tim�
represents the data points in the ith labels of the horizontal axis,
i.e., x-axis. Note that the order of data points in each tuple ti
must be the same with the order of keys inK.

Fig. 1 shows an example of chart data with three keys
K ¼ ½SIGMOD; VLDB; ICDE� and four tuples t1 to t4. For exam-
ple, tuple t1 = [3,6,3] contains the data points corresponding
to SIGMOD, VLDB and ICDE in 2015 respectively. It is easy to
see that data in a chart naturally corresponds to a relational
table where the legend keys are row names, points in x-axis
denote the column names and each tuple corresponds to a
data column in the table.

The chartmodel is general for a variety of commonly used
charts, including line chart, bar chart (stacked bar chart), and
pie chart. Note that the pie chart is a special case with only
one tuple containing the ratios or number of various keys.

Crowdsourcing Task Design. As analyzed previously, the
automatic and semi-automatic approaches [6], [12], [35],
[44] have limitations on achieving superior performance for
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chart data extraction. To address the problem, we harness
the crowd intelligence to extract data from charts. A
straightforward approach is to crowdsource each entire
chart to crowd workers and ask them to submit a relational
table as illustrated in Fig. 1. Although simple, the approach
is not effective due to the following reasons. First, it will
incur high crowdsourcing latency. Since a chart usually con-
tains many data points, it is time-consuming for a worker to
extract them all. Second, as answers from the crowd may be
noisy, a commonly used strategy is to first assign a task to
multiple workers and aggregate their answers to infer
results. However, it is not easy to aggregate entire tables.

To achieve better performance,we introduce a fine-grained
approach that splits a chart into a batch of micro-tasks1 to
reduce latency and improve quality. Specifically, we design
four types of crowdsourcing tasks, as illustrated in Fig. 2.

Preprocessing Tasks. As quality of chart data extraction
may depend on visual features of the chart, we define the
following three types of preprocessing tasks before extracting
the data: 1) chart type classification that categories the chart
type, 2) Y -axis classification that identifies whether the
y-axis is log-scaled and 3) legend identification that collects
a sequence of legend keys.

We utilize crowdsourcing to address preprocessing
tasks, because these tasks are quite effortless for the crowd
who can easily produce good results. Although some sim-
ple preprocessing tasks, e.g., chart classification, can be also
solved by ML algorithms [38], [40], the accuracy of ML algo-
rithms on more complicated preprocessing tasks is far from
satisfactory. For example, as reported in previous studies,
the accuracy of recognizing legend keys is normally less
than 60 percent [16], [17].

1) Chart classification task. Intuitively, different types of
charts have different difficulty levels for data extraction. For
example, a pie chart is easier to extract because its visual
structure is more compact and it only has one tuple (as dis-
cussed above). In contrast, line charts and stacked bar charts
are more difficult, because they contain multiple data
groups and the exact data numbers are harder to recognize.
Thus, we first ask the crowd to classify the chart, which pro-
vides guidance for the other crowdsourcing tasks.The task
is defined as below.

Definition 3.2 (Chart Classification Task). Given a chart
C, a chart classification task is a multiple-choice question to
the crowd. The current version of CrowdChart supports
four choices, bar chart, line chart, pie chart and
stacked bar chart, and asks the crowd to choose the one
that C belongs to.

An example chart classification task is shown in Fig. 2a,
where a crowd worker will select the choice Line Chart.

2) Y -axis classification task. Another factor affecting the
difficulty is whether y-axis is log-scale. Naturally, it is not
easy for human to recognize data points given log-scaled
y-axis because the numbers are not uniformly distributed.
Thus, we also leverage the crowd to identify this issue as
one of the preprocessing steps.

Definition 3.3 (Y -axis Classification Task). Given a chart
C, y-axis classification task is a binary-choice question to the
crowd, where choice Yes means y-axis of C is log-scaled and
No means it is not.

An example task is shown in Fig. 2b where a crowd
worker will select No for the question.

3) Legend identification task. Here is the definition of the
legend identification task.

Definition 3.4 (Legend Identification Task). Given a chart
C, legend identification task is a fill-in-blanks question that
asks the crowd to collect a sequence of legend keys, denoted by
K ¼ ½k1; k2; . . . ; km�.

Fig. 2c illustrates an example of legend identification task
with three keys SIGMOD, VLDB and ICDE to be collected. One
may ask whether it is necessary to use crowdsourcing to
identify labels of x-axis, e.g., years in Fig. 2c. Based on our
evaluation, they are easy to identify by automatic algo-
rithms due to their fixed locations and neat arrangement.

To summarize, the above three types of tasks are used for
preprocessing steps. First, the result of these tasks, such as
legend keys, can be directly used for further data extraction.
Second, some results, such as chart type and log-scaled
y-axis, can be used for evaluating difficulties of chart data
extraction. Moreover, based on our observations, these tasks
are quite effortless for the crowd worker who can provide
very accurate answers. Thus, we will not elaborate these
tasks and focus on a more challenging tuple extraction
task as below.

Fig. 2. Example of tasks.

1. For simplicity, we use micro-task and task exchangeably if context
is clear.
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Tuple Extraction Task. The central task for chart data
extraction is to identify the tuples. We design a tuple extrac-
tion task that crowdsources an entire tuple instead of putting
values of a tuple in different tasks. The reason is two-fold.
First, most crowdsourcing platforms charge a fixed amount
of commission fee for each HIT. Thus, it is more economical
to put a certain number of questions in a task. Second, after a
crowd worker understands the chart, extracting a tuple will
not introduce much more effort to her compared with an
individual value.

Definition 3.5 (Tuple Extraction Task). Given a chart C, a
sequence of legend keys K ¼ ½k1; k2; . . . ; km� and a label i in
horizontal axis, tuple extraction task is a fill-in-blanks question
that collects the ith tuple ti ¼ ½ti1; ti2; . . . ; tim�.

For example, Fig. 2d shows a tuple extraction task, which
aims to collect values corresponding to SIGMOD; VLDB and
ICDE respectively. Then the chart in Fig. 2d can be divided
into N ¼ 4 tuple extraction tasks. Note that the order of the
sequence in collected tuples is consistent with that of pre-
collected legend keys. In addition, it can also be called data
extraction task.

3.2 The CROWDCHART Framework

Fig. 3 shows the overall framework of CrowdChart. After
completing the preprocessing tasks, the requester publishes
some tuple extraction tasks. Then givenworkerswho request
these tasks, our task assignment module assigns the most
appropriate tasks to workers. Next, when a crowd worker
submits the answer of a task, we first align the answer based
on the worker’s quality and answers that have been sub-
mitted by other workers corresponding to this task. Then
we infer the truth considering the workers’ quality and
task difficulty using the Expectation-Maximization (EM)
algorithm [13]. The inferred truth and workers’ quality can
also be utilized to guide task assignment in the next iteration.
The ultimate goal of CrowdChart is to leverage the truth
inference and task assignment to estimate the value in T , so
as to obtain a satisfactory result compared with the truth
based on a confidence-based model. For values that already

have high confidence, an early-stopping method is applied
to save the crowdsourcing costs.

The tuple extraction task in this framework is quite chal-
lenging because theworkers aremore error-prone to provide
noisy answers. First, the workers need to recognize numeric
values from the chart, which is much more difficult than the
existing crowdsourcing on categorical values (e.g., positive
or negative in sentiment analysis) [43]. For example, one
worker may recognize the number of SIGMOD crowdsourcing
paper in 2016 as 6 or 7 although the ground truth is 7. There
are few existing works [36], [42] that study crowdsourcing
numerical values. However, they cannot easily solve the
problem as they do not consider difficulty levels such as the
chart type, log-scaled y-axis, etc. Second, misalignment is a
kind of worker errors that can significantly influence the
quality. For example, when extracting data, answers may be
misaligned with their legend keys. For t4 in Fig. 2d, we can
see that the ground truth of the year 2018 is that [3 (SIG-
MOD), 1 (VLDB), 15 (ICDE)]. For example, if a worker w1

answers ½3; 2; 15�, we can take it as an accurate and aligned
answer. However, if a worker w2 gives an answer ½15; 1; 3�,
she is likely to misalign legends “SIGMOD” and “ICDE”
carelessly, but she answers the values with perfect quality. If
we do not consider such kind of errors, it will cause a high
bias on both truth and workers’ quality estimation. The
above obstacles motivate us to study quality control prob-
lems for crowdsourced chart data extraction.

We first define the worker model as follows. We useW to
denote a pool of workers, and awi ¼ ½awi1; awi2; . . . ; awim� to
denote a sequence of answers for data points in task ti by
worker w 2 W. Oi denotes the set of workers that provide
answers for ti and Aij denotes the set of answers of tij pro-
vided by multiple workers. The overall obtained answers is
denoted by A, where awij 2 A and awi ; Aij � A. For example,
suppose workers w1, w2 answer task t3 with a

w1
3 ¼ ½5; 3; 4�

and a
w2
3 ¼ ½6; 3; 4�. Then O3 ¼ fw1; w2g and A31 ¼ f5; 6g.

Thenwe define the truth inference problem as below.

Definition 3.6 (Truth Inference). For each point tij, given
workers’ answers set Aij, the truth inference problem is to com-
pute a well-estimated value t̂ij for true value t�ij.

Then, the output of the truth inference model is an esti-
mated truth distribution, from which we can compute the
confidence of the estimated truth using the Confidence
Checking module. If it already has a high confidence (quali-
fied), we do not need to assign more tasks to save the cost
and return the final inferred answer to the requester. For
those tasks that have not achieved the required confidence
(not qualified), we consider assigning tasks based on the
task assignment module defined as below.

Definition 3.7 (Confidence-Aware Task Assignment).
Given an incoming worker w, the task assignment module aims
to select a task that has not achieved the required confidence
and assign it to her, so that the quality of the task can be
improved the most.

When a worker w comes, currently, each data point in ti
has an estimated truth with a certain confidence. Given the
quality of w and already obtained answers of each task ti,
we can compute an expected quality improvement for each
task and assign the one with the highest improvement to w.

Fig. 3. Framework of CrowdChart.
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Algorithm 1 shows the pseudo-code of CROWDCHART. It
first publishes preprocesing tasks for each chart (line 1).
Then a small part of charts are sampled to be answered by
the crowd workers, so as to derive initial parameters like
worker qualities (line 2). Second, we use the task assign-
ment module to select the most appropriate task (tuple)
whose quality can be improved the most for a crowd
worker (line 4). After the crowd answers the task, we infer
the truth of each data point in the tuple (line 6). If all points
in ti have high confidence, we label ti as resolved and no
longer ask ti. Otherwise, we repeat these steps until all
points are resolved.

Algorithm 1. Framework of CrowdChart

Input: A collection of charts C.
Output: Estimated truth of each data point t̂ij.

1 Publish preprocessing tasks for each chart;
2 Sample some charts to train an initial model;
3 while not all data points have been resolved do
4 Select the best task(tuple) ti for the incoming worker w

using the task assignment module;
5 Obtain the answers awi from the crowd;
6 Estimate the truth t̂ij; j 2 ½1;m� using the truth inference

module;
7 if all points in ti have high confidence (> a) then
8 Label ti as resolved ;
9 return Estimated truth of each t̂ij;

4 TRUTH INFERENCE

In this section, we will introduce how to infer the truth
of each data point given multiple workers’ answers, consid-
ering characteristics of tuple extraction tasks. We first dis-
cuss how to model workers quality and their answers in
Section 4.1. To further improve the model, difficulties of data
points are incorporated into our framework (Section 4.2). In
Section 4.3, we introduce answers alignment, which is a char-
acteristic quality control methodology in charts extraction
task. Finally, the overall inference algorithm is illustrated
(Section 4.4).

4.1 Modeling Workers’ Answers and Quality

Workers’ answers are essential to infer the workers’ quality
and ground truth, and thus a suitable answers model of the
extraction task is necessary. Different frommulti-choice tasks,
the answers of data extraction tasks are numerical values. For
a numerical task, its quality depends on how close it is to the
ground truth. For example, suppose a data point has a value
998.5. If a worker’s answer is 1,000, we take it as a good
answer because they are close even if it is not equal to the
ground truth. Therefore, we propose that the workers’ quality
depends on the ratio between their answer and the ground
truth rather instead of the difference between them because
data have different scales. For example, suppose two data
points have ground truth t�ij = 1000 and t�i0j0 = 100 respectively.

If workers w1 and w2 provide answers aw1
ij = 990 and a

w2
i0j0 = 90

for two points, we can obviously deduce that w1 has a higher
quality than w2, though their differences between the ground

truths are the same. If they answer aw1
ij = 980 and a

w2
i0j0 = 98

respectively, even if jaw1
ij � t�ijj > ja

w2
i0j0 � t�i0j0 j, we can estimate

that they have nearly the same quality. Therefore, we use the
Gaussian distribution to model each answer given by worker
w. The distribution takes the ground truth t�ij as its mean and
uses variance tomodel worker quality, i.e.,

awij � Nðt�ij;fw
ijÞ

� 1ffiffiffiffiffiffiffiffiffiffiffi
2pfw

ij

q expð�
ðawij � t�ijÞ

2

2fw
ij

Þ;fw
ij ¼ ðsw

ijÞ
2;

(1)

where fw
ij is the variance and sw

ij is the standard deviation.
Generally speaking, if w has a good quality, then variance
fw
ij will be small because the answer is likely to be close to

the ground truth t�ij. Motivated by this, we use qw to denote
the quality of w and � ln qw 2 ½0;þ1� to denote the ratio

sw
ij ¼ � ln qw � t�ij; qw 2 ½0; 1�: (2)

Since � ln qw is a monotonous function, when qw is close to
1, which indicates a high quality worker, the standard devia-
tion sw

ij is small because � ln qw is close to 0. If qw ¼ 0, which
means that the worker w has an extremely low quality, the
deviation between the answer and truth approaches to infinity.
Therefore,� ln qw depicts how far the answer given by w from
the truth t�ij. Since different charts have different scale of values
on Y -axis, we utilize the multiplication of� ln qw and the truth
t�ij to represent the deviation. The higher the qw is, the higher
probability that the answer given by w is closed to the truth.
For example, when t�

i
0
j
0 = 100, qw ¼ 0:9 (sw

ij 	 0:1� 100 ¼ 10),

we can infer that pð80 < awij < 120Þ ¼ 0:95.

4.2 Difficulty of Data Points

The quality of workers’ answers does not solely depend on
their expertise. Different difficulty levels of the tasks should
also be considered, where several factors are taken into con-
sideration for difficulty estimation, including types of charts,
the scale of Y -axis and number of legends. Not surprisingly,
as discussed in Section 3, some complicated charts like line
charts and stacked bar charts are challenging even for a
human to extract. Also, values along the log-scale Y -axis are
always hard for some workers to recognize. Besides these,
we also take the number of legends into consideration for dif-
ficulty estimation. Intuitively, the larger the number of
legends, the more values a crowd worker needs to extract in
each task, which leads tomoreworkload and difficulty.

Next, we compute the difficulty of task ti of a chart C, con-
sidering features x1i , x

2
i and x3i , which denote the chart classifi-

cation, scale of Y -axis and legends number respectively. x1i is
a one-hot vectorwith length 4,wherewe considerbarchart,
line chart, pie chart and stacked bar chart. For
example, x1i ¼ ½0; 1; 0; 0�

T indicates that it is a line chart. Con-
cretely, x2i is either 1 or 0, which indicates whether the Y -axis
is log-scale or not and x3i ¼ m. Then, we use di ¼ 1

1þe�
P3

k¼1 gkx
k
i

to compute the difficulty of task ti, where g denotes the
weights of different features (g1 is a vector with length 4).

Next, we will incorporate the difficulty di into the
answers formulation in Section 4.1. Obviously, the more dif-
ficult the task is, the larger the difference between ground
truth and workers’ answer will be. Therefore, we can
rewrite Equation (2) as sw

ij ¼ �dit�i ln qw. However, the
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limitation of this formulation is that it assumes that work-
ers’ quality is independent with the task difficulty. The
assumption may not hold in practice because for some high
quality workers, the task difficulty cannot influence their
quality, but some malicious workers will provide incorrect
answers even for easy tasks. Considering this, we propose
equation

sw
ij ¼ �d

tw
i t�ij ln qw; tw 2 ½0; 1�: (3)

where the parameter tw aims to model how much the
task difficulty can impact the worker w’s answer. For exam-
ple, if tw is close to 0, di will have little influence on the vari-
ance since dtwi is close to 1, which means that the difficulty
has no influence on the variance. On the contrary, when tw
is close to 1, dtwi is close to di, indicating that the difficulty
does have impact on the variance.

4.3 Answers Alignment

As illustrated in Section 3, misalignment will inevitably
happen when extracting data from a large number of charts
because in many cases, the visual sequence of data points in
the chart cannot match the sequence of these legends in the
text region. Especially for line charts, the visual sequence
of data points always varies along with the X-axis due to
the fluctuation of lines. Thus workers may not be careful
enough to capture the variation. Note that this phenomenon
cannot be neglected because it will influence both the work-
ers quality and inferred truth. For example, if the mis-
aligned answers are directly used to compute the ground
truth, we will derive a truth with high bias, which results in
that the worker who answered that task is estimated as a
low quality worker. In order to solve the problem, we pro-
pose a probability-based solution to align the answers.

Recap that each task has a fixed sequence of legends
extracted from the preprocessing task, For example, for all
tasks generated from in Fig. 2d, the sequence K ¼ ½SIGMOD;
VLDB; ICDE�. According to Definition 3.6, we aim to infer the
truth of data points in the task, i.e., t�i ¼ ½t�i1; t�i2; . . . ; ; t�im�
based on the obtained answers. Given answers awi ¼ ½awi1;
awi2; . . . ; a

w
im� for task ti provided by w, we can generate a set

of m! possible sequences S. Each sequence si 2 S and sij
denotes the jth answer in sequence si.

The alignment problem is to find the sequence that is the
most likely to match t�i . In other words, given the truth t�i
and the worker’s variance sw, we want to compute the prob-
ability of each possible sequence. However, since we do not
know the ground truth, we use current estimated truth
t̂i ¼ ½t̂i1; t̂i2; . . . ; ; ^tim� to compute the probability, pðsi; t̂iÞ ¼Qm

j¼1
1ffiffiffiffiffiffiffiffiffi
2pfw

ij

p expð� ðsij�t̂ijÞ
2

2fw
ij
Þ.

Since the number of legends in a chart is small (less than
5 in most time) in practice, it is not expensive to enumerate
m! sequences and select the one with the largest probability.
Therefore, we select the sequence s� with the largest proba-
bility s� ¼ argmaxsi2Spðsi; t̂iÞ.

For example, given a task t̂i ¼ ½100; 80; 50�, a worker
wðsw

ij ¼ 5%t�ijÞ provides answer awi ¼ ½55; 75; 90� and we want
to align awi with t̂i. There are 6 possible sequences with respect
to awi ; ðs1 ¼ ½55; 75; 90�; s2 ¼ ½55; 90; 75�Þ; s3 ¼ ½75; 55; 90�; s4 ¼
½90; 55; 75�; s5 ¼ ½75; 90; 55�; s6 ¼ ½90; 75; 55�Þ: Take s6 as an

example, pðs6; t̂iÞ ¼ 0:01� 0:04� 0:02, which is the largest
one among s1 � s6. Sowe align awi as [90,75,55].

Here we consider the cold start problem. When we start
the crowdsourcing task and obtain very few answers, the
confidence of the estimated truth is low. So it is inaccurate
to align based on them. Considering an extreme case, sup-
pose the first answer for task ti is misaligned. If we align the
following answers based on it, all of them will be mis-
aligned. Therefore, for the first two answers, we will not
start the alignment operation. After that, we will align the
answers using the above probabilistic model.

4.4 Inference Algorithm

In this section, we will infer the truth and workers’ quality
based on current obtained answers using the maximum like-
lihood estimation. Note that when we collect an answer, we
first align the answer and then do the inference, and thus we
do not need to consider the misalignment problem at the
inference step. Given parameters u ¼ fuwg; uw ¼ fg; qw; twg,
which will be estimated in the M-step, the objective function
is tomaximize the likelihood of workers’ answers

argmax
u

P ðAjuÞ ¼ argmax
u

X
T �

P ðA; T �juÞ; (4)

where T � ¼ ft�g is the truth of all the data points, which
is taken as the hidden variable. To solve this optimization
problem, we use the Expectation Maximization (EM) algo-
rithm [13], which iteratively computes the truth distribution
T � and parameters u. Next, we provide the details of the
E-step and M-step.

Expectation Step. In the E-step, given the values of u and
the observation Aij, we compute the posterior probability of
the hidden variable T � as following:

P ðt�ij ¼ zjAij; uÞ /Y
w2Oij

P ðawijjt�ij; uwÞ � P ðt�ij ¼ zÞ

¼
Y

w2Oij

1ffiffiffiffiffiffiffiffiffiffiffi
2pfw

ij

q expð�
ðawij � t�ijÞ

2

2fw
ij

Þ � P ðt�ij ¼ zÞ;

(5)

where P ðt�ij ¼ zÞ � N ðt0ij;f0
ijÞ is the priori distribution of

the truth t�ij. We use average(variance) of answers in Aij as

the mean(variance) of the priori distribution, i.e., t0ij ¼P
w2Oij

aw
ij

jAijj , f0
ij ¼

P
w2Oij

ðt0
ij
�aw

ij
Þ2

jAijj . As Equation (5) shown, P ðt�ij ¼
zjAij; uÞ is represented as the products of some Gaussian dis-
tributions, so it also follows Gaussian distribution, denoted
as t�ij � Nðmij;fijÞ. We use fðt�ijÞ to denote the probability
density function of t�ij. Since for Gaussian distribution,
f
0 ðmijÞ ¼ 0 and f

00 ðmijÞ / f�2ij , which can be utilized to com-
pute themean and variance of the distribution of t�ij

mij ¼
t0ij

f0
ij

� fij þ
X
w2Oij

awij
fw
ij

� sij

fij ¼
1

1
f0
ij

þ
P

w2Oij

1
fw
ij

: (6)

Therefore, given the parameter u, we can compute fw
ij

using Equation (3). Since we do not know the ground truth
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t�ij, we utilize the estimated mean mij in the last iteration as
the truth to derive the value of fw

ij. Thus we obtain the distri-
bution of the truth t�ij. We can see from Equation (6) that the
mean mij is computed by the weighted average of workers’
answers. Intuitively, the answer of a higher quality worker
(with a small fw

ij) will be assigned to a higher weight and
trusted more. fij is a normalized term. Next, we will illus-
trate how to utilize the truth distribution to estimate these
parameters.

Maximization Step. In the M-step, given the estimated dis-
tribution of the truth t�ij, we compute optimal values for
parameters u so that the expectation of the joint likelihood
of the observation (Equation (7)) is maximized

QðuÞ ¼ ET � ½logP ðA; T �juÞ�
¼
X
i

X
j

Et�
ij
½logP ðt�ijÞ þ

X
w2Oij

logP ðawijjt�ij; uwÞ�: (7)

In Equation (7), the term Et�
ij
½
P

w2Oij
logP ðawijjt�ij; uwÞ� ¼P

w2Oij
�ð12 log 2psw

ij þ
ðaw

ij
�uijÞ2þsij
2fw

ij
, Similarly, the term

Et�
ij
½logP ðt�ijÞ� ¼ �ð12 log 2ps0

ij þ
ðt0
ij
�uijÞ2þsij
2f0

ij

. And thus

QðuÞ ¼ � 1

2
log 2ps0

ij þ
ðt0ij � mijÞ2 þ sij

2f0
ij

 !

þ
X
w2Oij

� 1

2
log 2psw

ij þ
ðawij � mijÞ2 þ sij

2fw
ij

 !
:

(8)

Then gradient descent is utilized to find the values of u
that lead to a locally optimal solution for QðuÞ.

Algorithm 2. Inference Algorithm

Input: Current answers set fAi1; Ai2; . . . ; Aimg, new answers awi
for task ti and current parameters u

Output: Estimated truth t̂ij
1 Align answers in awi ;
2 for j from 1 tom do
3 Aij  Aij

S
fawijg;

4 Initialize t̂ij using u by Equation (6) ;
5 while not converged do
6 Update parameters u to maximize the Equation (7) ;
7 Compute mij and fij of tij in task ti with updated param-

eters using Equation (6);
8 return t̂ij;

We summarize the process of truth inference inAlgorithm2.
Suppose a worker w provides answers awi for task ti. Then we
align those answers (line 1) and then add each answer into Aij

(line 3). Next we initialize a truth based on current answers
and previous parameters based on Equation (6) (line 4). Then
the EM algorithm is applied to compute the parameters (line 6)
and truth (line 7) until converge. At last, the inferred truth t̂ij is
returned,where t̂ij ¼ mij.

Time Complexity Analysis. For each data point tij in a task,
we have to iterate workers in Oij to complete the E-step.
Since each task contains m points, the complexity is
OðmjOijjÞ. In the M-step, we also need to loop for each data
point and workers who answer the task. Moreover, suppose
the gradient descent of each parameter takes g steps to

converge and the EM algorithm takes e steps to converge.
The total complexity is OðegmjOijjÞ. Since e and g are const
in practice, less than 50, the time complexity is linear to the
number of answers concerning the task.

5 TASK ASSIGNMENT

In this section, we study how to select a task for an incoming
worker, where we have two problems. One is whether every
task needs to be asked. For some tasks, since they have been
answered by enough number of workers or a few high qual-
ity workers and thus derive high confidence, we do not
need to ask more. For other tasks with low confidence, we
should assign them to incoming workers to obtain more
confident results (See Section 5.1). Second, given an incom-
ing worker w, we need to assign her a task that has not
achieved a high confidence. We aim to select the task whose
quality can be improved the most. To this end, for each
task, we estimate the expected distribution of the truth if
the task is answered by w. Based on the current estimated
distribution, we can compute a quality improvement for
each task. Then we select the best one to assign to w (See
Section 5.2).

5.1 Confidence-Based Model for Early Stopping

Given the truth distribution of a data point t�ij � Nðmij; sijÞ
obtained through the truth inference algorithm, we can
compute the confidence if we regard mij as the answer. We
adopt the ð1� aÞ confidence interval for the estimated truth,
where 1� a, also known as the confidence level, is usually
near to 1 such as 90 percent, 95 percent. We will trust the
answer and stop to assign questions with respect to the task
if it satisfies

P ðð1� bÞmij < t�ij < ð1þ bÞmijÞ > 1� a; (9)

which gives the ð1� aÞ confidence interval of t�ij as
r ¼ ½ð1� bÞmij; ð1þ bÞmij�, where b controls the width of the
interval and is always small, like b ¼ 0:1. For example, as
Fig. 4a shows, the likelihood that the truth lies in a small
range(r) is low, so we have to ask more to satisfy the above
confidence requirement. However, in Fig. 4b, the likelihood
is much higher because of the small variance of the esti-
mated distribution, which satisfies the confidence require-
ment in Equation (9). Therefore, for each data point, if the
distribution of the estimated truth satisfies Equation (9), we
will not ask more to save the cost because the estimated
value has already had a high confidence. Otherwise, we
will assign a task containing this data point to an appropri-
ate worker in order to satisfy the confidence requirement as

Fig. 4. Examples of confidence interval.
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soon as possible. The reason why we use a small proportion
of mij (2bmij) as the confidence interval rather than a range
with fixed length is that data points have different scales. For
example, given two points with m ¼ 10 and m0 ¼ 1000
respectively and a range with fixed length 10, obviously the
likelihood P ð5 < t < 15Þ for m is much higher than that of
P ð995 < t < 1005Þ for m0. Therefore, we cannot use a range
with fixed length to measure the confidence of data with dif-
ferent scales.

5.2 Task Assignment Algorithm

This section presents our approach of assigning tasks to
each incoming crowdsourcing worker. The basic idea is
illustrated in Fig. 5. Let us consider three tasks t1, t2 and t3,
and the estimated distribution of each task is shown in the
left part of the Fig. 5.2 Note that the estimated distribution is
obtained by the truth inference technique presented in the
previous section, i.e., t�ij � Nðmij;fijÞ. Now suppose that a
worker u requests for a new task. We examine each task
and compute the updated estimated distribution (in the
right part of the Fig. 5) if the worker’s answer auij is included
into the task. Then, we compute the quality improvement
based on the distributions before and after including the
answer. We select the task with the most improvement on
answer quality, e.g., the first task shown in Fig. 5. To fulfill
the above process, we devise methods for distribution esti-
mation update and quality improvement computation,
which are described as follows.

Updated Distribution Estimation. Since auij is not known in
advance, we have to generate all possible answers according
to the current distribution, and then compute the expected
distribution of the truth, denoted by t̂�ij � N̂ ðm̂ij; f̂ijÞ as the

updated distribution, where m̂ij and f̂ij denote the updated
mean and variance respectively. The distribution is com-
puted byEau

ij
½P ðt�ijjAij

S
fauijg; uÞ�.

Theorem 5.1. m̂ij ¼ ð
t0
ij

2fu
ij
þ

t0
ij

f0
ij

þ
P

w2Oij

aw
ij

fw
ij
Þ � ŝij and f̂ij ¼

ð 1
2fu

ij
þ 1

f0
ij

þ
P

w2Oij

1
fw
ij
Þ�1

Proof 5.1We prove the Theorem 5.1 as following:

Eau
ij
½P ðt�ijjAij

[
fauijg; uÞ�

¼
Z þ1
�1

P ðt�ijjAij

[
fzg; uÞP ðauij ¼ zÞdz:

Based on Equation (1), we know that auij � Nðt�ij;fu
ijÞ.

Sincewe do not know the truth, we use t̂ij and fu
ij to gener-

ate the answer of the incoming worker u. Thus, the above
equation equals to (c denotes a const in the equation)

1ffiffiffiffiffiffiffiffiffiffiffi
2pfu

ij

q exp �
ðz� t�ijÞ

2

2fu
ij

 !
1ffiffiffiffiffiffiffiffiffiffiffi
2pfu

ij

q exp �ðz� t̂ijÞ2

2fu
ij

 !
dz

¼ �c� exp �
X
w2Oij

ðt�ij � awijÞ
2

2fw
ij

0
@

1
A

�
Z þ1
�1

exp �
ðz�

t�
ij
þt̂ij
2 Þ

2 þ
ðt�
ij
�t̂ijÞ2

4

fu
ij

0
@

1
Adz:

Since
Rþ1
�1 expð� ðz�

t�
ij
þt̂ij
2 Þ2

fu
ij
Þdz is a const, we have

�c� exp �
X
w2Oij

ðt�ij � awijÞ
2

2fw
ij

�
ðt�ij � t̂ijÞ2

4fu
ij

0
@

1
A:

In order to obtain the mean and variance, we use the sim-
ilar method as Equation (6) to compute the derivative.
Then we prove Theorem 5.1. tu

Quality Improvement Computation. In this step, we select the
most appropriate task for the incoming worker u considering
the quality improvement. Since each task contains m data
points, we need to take the quality improvement of all of them
into consideration. For each data point, we use the entropy
function [37] to measure the uncertainty of the estimated
truth, i.e., Hðt�ijÞ ¼ 1

2 lnð2pefijÞ. Considering all data points in
task ti, the entropy is computed as Hðt�i Þ ¼

Pm
j¼1 Hðt�ijÞ

ð1� Ifðt�ijÞÞ, where Ifðt�ijÞ ¼ 1 if t�ij satisfies Equation (9) and 0
otherwise. Similarly, given an incoming worker u, the
updated entropy of truths in task t�i is denoted as Hðt̂�i Þ.
Hðt̂�i Þ ¼

Pm
j¼1 Hðt̂�ijÞð1� Ifðt�ijÞÞ and Hðt̂�ijÞ ¼ 1

2 lnð2pef̂ijÞ.
The entropy captures the amount of inconsistency, i.e., the
lower H is, the more consistent the answers are, and the
higher qualitywill be achieved.

Overall, for task assignment, we can leverage the coming
worker w’s quality and the task ti’s current distribution N
to estimate the expected distribution N̂ using Theorem 5.1.
We use IðtiÞ ¼ Hðt�i Þ �Hðt̂�i Þ to denote the expected quality
of improvement if worker u answers the task ti. Thus the
task with the highest improvement in quality is selected,
i.e., argmaxti2T IðtiÞ.

Algorithm 3 shows the algorithm of task assignment. Given
an incoming worker, we need to select the task that can bring
the most quality improvement and assign to her (line 6). To
this end, we enumerate every task and compute the improve-
ment (line 5). When computing each task, we do not need to
consider the data point(s) that have satisfied Equation (9) in it
(line 4). Apparently, for the task that all data points in it have
satisfied Equation (9), we do not assign it anymore.

Fig. 5. Example of the task assignment algorithm.

2. For simplicity, we consider each task only has one data point.
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Algorithm 3. Task Assignment Algorithm

Input: Incoming worker w, current distributionNðmij;fijÞ
Output: Task t assigned to worker w.

1 for ti in T do
2 for j from 1 tom do
3 if Ifðt�ijÞ ¼ 0 then
4 Compute the expected distribution of t̂�ij given the

incoming worker w.
5 Compute the quality improvement IðtiÞ.
6 Compute the ti with the highest quality improvement.
7 return ti;

Time Complexity Analysis. In the assignment algorithm,
we have to iterate all unresolved tasks and select the best
one, so the complexity is OðmjT jÞ. For each task, given the
incoming worker w, we will compute the expected distribu-
tion using Theorem 5.1, so as to derive the quality improve-
ment. Therefore the overall complexity is OðvmjT jÞ, where
v is the average number of answers for each task. Since v
and m are usually small in practice, less than 10, the com-
plexity is linear to the number of tasks.

6 EVALUATION

We have implemented CrowdChart using Python 3.6 on a
Ubuntu server Intel 2.4 GHz Processor and 32 GB memory
on top of CrowdOTA [41], which is an online task assign-
ment framework built on AMT. This section evaluates the
performance of CrowdChart. In Section 6.1, we introduce
our two real datasets to be evaluated. Then some basic
experimental settings are discussed in Section 6.2. Next, we
discuss the experiment results of our truth inference and
task assignment module respectively in Sections 6.3 and 6.4.
Then, we evaluate effect of some parameters in Section 6.5
and investigate efficiency in Section 6.6.

6.1 Datasets

We use two real datasets to evaluate our approach, the
details of which are summarized in Table 1. (1) Paper: We
extract 75 charts (including 890 data points in total) from
several research papers, which consist of 40 line charts and
35 bar charts (including 5 stacked bar charts). The ground
truth is the data used to draw those charts. (2) Web: We
crawl 180 charts from the web (including 2,550 data points
in total), which include 110 line charts, 50 bar charts (includ-
ing 8 stacked bar charts) and 20 pie charts. Specifically, for
ease of collecting ground-truth, the charts are crawled from
the websites with meta-data [2], [3], [4], [5].

6.2 Experimental Settings

Crowdsourcing Settings.We conduct experiments on the pop-
ular crowdsourcing platform, Amazon Mechanical Turk
(AMT). As task assignment is not natively supported by

AMT, we leverage the framework of CrowdOTA [41], which
utilizes the “External Questions” function of AMT, builds a
web server and interacts with AMT using the APIs for
assigning tasks. For preprocessing tasks, we include the
three kinds of task in a single human intelligence task(HIT)
and pay $0:1 for the HIT. For tuple extraction tasks, an HIT is
used to extract one tuple ti like Fig. 2d, which costs $0:05m,
where m is the number of values in ti. For example, we set
the price of task shown in Fig. 2b as $0:15.

Preprocessing Tasks. Before extracting tuples, we first pub-
lish all preprocessing tasks to the crowd.We report the result
quality of these tasks here. On both datasets, the result qual-
ity of chart classification task and y-axis classification task
achieves an accuracy of 99 percent. This validates our claim
that such tasks are very easy for workers. For legend identifi-
cation task, the accuracy on both datasets is 95 percent. The
main errors are that workers miss one or two characters for
some legend keys when transcribing the text, which will not
affect the following tuple extractionmuch.

Warm-Up Step.To copewith the cold start problem,we first
pick a proportion(20 percent) of tasks and assign each of them
to 5 workers. After that, we use the truth inference approach
in Section 4.4 to infer the truth of those questions aswell as the
parameters set u. If some of tasks have satisfied the confidence
requirement, we return it to the requester. For remaining
tasks, we combine them together with other 80 percent tasks
to the next online truth inference and task assignment step. In
this step, we initialize the parameters using u obtained in the
warm-up step and update them with online process going.
Note that although we have the warm-up step, we can not
avoid the cold start problem completely. This because the
tasks may be requested by newworkers who are not involved
in the warm-up step. We assign the average of workers’ qual-
ity (qw; tw) obtained in the training step as the quality of new
workers, which can be updated during the inference process.

Evaluation Metrics. In the evaluation, we mainly compare
the cost and quality of CrowdChart with other baselines. (1)
Cost. We utilize the monetary cost to evaluate the cost of
different approaches. Note that, for different methods, the
cost used for preprocessing tasks is the same, and thus we
do not report this part. (2) Quality. For quality, we use the
metric Mean Normalized Absolute Distance MNAD [24] to
measure the overall absolute distance from each approach’s
results to the ground truths, which indicates how close the
results are to the ground truths. As different data values
may have different scales, we normalize the distance based
on the method proposed in [24].

6.3 Evaluation on Truth Inference

This section evaluates the truth inference module in Crowd-
Chart, comparedwith the following state-of-the-art approaches
with the focus on inferring the truth of numeric data.

1) Average (AV): Average is a simple and intuitive
method to tackle continuous answers. Given several
answers of a data point by multiple workers, it com-
putes the average as the truth.

2) GTM [42]: GTM is a truth discovery framework for
numeric data, which considers the source reliability
(workers’ quality) and utilizes the EM algorithm to
infer the truth.

TABLE 1
Datasets

C #Data points #Line Chart #Bar Chart #Pie Chart

Paper 75 890 40 35 0
Web 180 2550 110 50 20
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3) T-Crowd [36]: T-Crowd is a crowdsourcing frame-
work for tabular data, including both categorical and
numeric data. In our scenario, we do not have cate-
gorical data, so we only compare with its technique
designed for continuous data.

We compare CrowdChart with AV, GTM and T-Crowd

respectively. For a fair comparison, we utilize the same
assignment module to assign tasks for all methods and
leverage their different truth inference approaches to infer
the truth. Specifically, as GTM and T-Crowd also use Gauss-
ian distribution to model the truth, we can also compute the
confidence using Equation (9). For AV, we use the mean and
variance of the answers of a task to compute a Gaussian dis-
tribution. Then, we apply the same task assignment method
on them, including the early-stopping strategy. We set
b ¼ 0:1 and vary the confidence level from 0.85 to 0.95 to
test the performance.

Fig. 6 show the evaluation on crowdsourcing cost, which
is the monetary cost defined in the evaluation metric above.
We can see from Fig. 6a that CrowdChart saves more than
two times of cost compared with other state-of-the-art
works when achieving the same confidence level on the
Paper dataset. For example, when the confidence level is
0.9, CrowdChart incurs a cost of $101 while AV, GTM and
T-Crowd use $320, $235 and $234 respectively. This because
CrowdChart will align the answers, which narrows down
the variance of inferred answers and improve the workers’
quality estimation. Thus CrowdChart can achieve the confi-
dence requirement with much less number of tasks. More-
over, we can see that with increase of the confidence level,
the cost grows up. This is reasonable because we should ask
more to keep higher confidence. Similar observation can
also be found on the Web dataset (Fig. 6b).

Fig. 7 shows the result on quality. When confidence level
is 0.9, we can see from Fig. 7a that on dataset Paper, Crowd-
Chart achieves the best quality, with the MNAD of 0.74,
which improves 30 percent compared with T-Crowd with
the second smallest MNAD (1.1). CrowdChart also outper-
forms GTM a lot because CrowdChart considers the answers
alignment and task difficulty. For instance, when the confi-
dence level is 0.95, CrowdChart has an MNAD of 0.58 while

AV and GTM are 1.23 and 1.03 respectively. AV has the worst
quality because it does not consider the workers’ quality and
task’s difficulty. GTM performs better than AV because it con-
siders the task’s difficulty. The significant improvement of
CrowdChart is attributed to the truth inference techniques,
such as answer alignment andworkermodel.

6.4 Evaluation Task Assignment

In this section, we evaluate the task assignment module in
CrowdChart comparing with several baselines.

1) Assign three questions per task(AS): AS is an algo-
rithm that assigns each task to three different work-
ers without considering the confidence.

2) Randomly assignment (Random): Random computes
the confidence of the estimated truth of each task
and it adopts an early-stopping strategy to stop to
assign tasks to high confidence task. For those tasks
are not terminated, Random assigns tasks randomly.

3) Askit! [7]: Askit! computes the entropy of each task
to measure the uncertainty of it, and then assign the
task with the highest uncertainty to the incoming
worker.

For fair comparison, we use the same truth inference
algorithm in CrowdChart to infer the truth and test different
task assignment strategies. We set b ¼ 0:1, confidence level
as 0.9 and vary the cost (number of asked questions) for
evaluation.

Fig. 8 shows the performance on quality and cost in task
assignment. We can see from Fig. 8a that on the Paper data-
set, when the cost is low, the methods have a similar
MNAD. For example, when the cost is $60, they have
MNAD around 1.47. This because we have not assigned
many tasks and the advantages of our algorithm have not
been revealed. However, with the number of obtained
answers accumulating, e.g., when the cost is $101, Crowd-
Chart early stops because it has achieved the confidence
requirement. At that time, CrowdChart achieves an MNAD
of 0.74, while Random, Askit! and AS have an MNAD of
0.86, 1.04 and 1.18 respectively. Askit! and Random per-
form better than AS because they consider the uncertainty
and the confidence respectively. CrowdChart further out-
performs Askit! and Random because it assigns the tasks
that can improve the quality most to the workers. Random
achieves the quality requirement when the cost is $101 but
has a higher MNAD than CrowdChart when it stops with
the same confidence level (0.9) because it does not consider
any task assignment strategy about whom to ask. Askit!
and AS achieve further higher MNADwith even more costs.
On Web dataset, CrowdChart still outperforms others. For
example, when the cost is $278, CrowdChart achieves the

Fig. 6. Evaluation on truth inference: Cost. Fig. 8. Evaluation on task assignment.

Fig. 7. Evaluation on truth inference: Quality.
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quality requirement and has an MNAD of 1.43 while Ran-

dom, AS and Askit! are 2.18, 2.48 and 2.96 respectively.

6.5 Effect of Width of Confidence Interval (b)

In this part, we evaluate the influence of parameter b on
CrowdChart in Figs. 9 and 10. We can see that in Fig. 9a, on
Paper dataset (the confidence level is 0.9), CrowdChart
costs more when b ¼ 0:05 ($167) compared with b ¼ 0:1
($99), because we need to ask more in order to achieve a
higher confidence requirement. Moreover, on Web dataset,
we can see that when the confidence level is 0.95, Crowd-
Chart costs $325 if b ¼ 0:1 while $546 if b ¼ 0:05. When it
comes to the quality, we can see from Fig. 10a that Crowd-
Chart achieves a higher quality when b ¼ 0:05 because it
requires the estimated truth more closer to the ground truth.
For example, when the confidence level is 0.95, on Paper

dataset, CrowdChart has MNAD of 0.43(b ¼ 0:05) compare
with 0.58(b ¼ 0:1). Similarly, on Web dataset, when the confi-
dence level is 0.95, we can see that CrowdChart costs about
two times more when b ¼ 0:05 than b ¼ 0:1 and the quality
is improved from 0.65 to 0.62. Based on the observations,
we choose b ¼ 0:1 as its default value, because it can save
much cost while merely damaging the quality.

6.6 Evaluation on Efficiency

We evaluate the efficiency of our truth inference module in
Fig. 11a, compare with GTM and T-Crowd. We set b ¼ 0:1
and the confidence level as 0.9 to evaluate the efficiency. We
record the time of inferring the truth of each data point, com-
pute the average and report the results. The reason why we
do not compare with AV is that it just computes the average,
which is a const time complexity. We can see from the figure
that our algorithm can infer the truth of each data point
within 10 ms, which has a similar efficiency with GTM and
T-Crowd. For task assignment, we evaluate the efficiency of
assigning each online task. AS and Random assign tasks ran-
domly so we do not compare with them. We can see from
Fig. 11b that CrowdChart can assign a taskwithin 0.5 second,
which is similar to that of Askit!. Therefore, our algorithm
has a high efficiency and can be used in practice scenarios.

7 CONCLUSION

In this paper, we propose a crowdsourced chart data extrac-
tion framework CrowdChart, which aims to extract the
underlying data from the charts into a relational table, includ-
ing the schema of rows and columns. We use well-designed
tasks to interact with the crowd workers. To improve the
quality, we design a truth inference model to derive accurate
answers and workers’ quality simultaneously. Moreover, we
develop effective task assignment and early-stopping techni-
ques to reduce the monetary cost. Finally, we evaluate our
approach on real datasets on AMT and the results demon-
strate its superiority over existingmethods.

ACKNOWLEDGMENTS

This work was supported by the 973 Program of China
(2015CB358700), NSF of China (61632016, 61521002,
61661166012, 61602488), Huawei, TAL education. Ju Fanwas
supported by theNSF of China (U1711261), and the Research
Funds of RenminUniversity of China (18XNLG18).

REFERENCES

[1] [Online]. Available: https://www.mturk.com/
[2] [Online]. Available: https://echarts.baidu.com/
[3] [Online]. Available: https://www.amcharts.com/
[4] [Online]. Available: https://www.highcharts.com/
[5] [Online]. Available: http://deepeye.tech/
[6] R. A. Al-Zaidy and C. L. Giles, “Automatic extraction of data from

bar charts,” in Proc. 8th Int. Conf. Knowl. Capture, 2015, pp. 30:1–30:4.
[7] R. Boim, O. Greenshpan, T. Milo, S. Novgorodov, N. Polyzotis,

and W. C. Tan, “Asking the right questions in crowd data
sourcing,” in Proc. IEEE Int. Conf. Data Eng., 2012, pp. 1261–1264.

[8] C. Chai, J. Fan, and G. Li, “Incentive-based entity collection using
crowdsourcing,” in Proc. IEEE Int. Conf. Data Eng., 2018, pp. 341–352.

[9] C. Chai, G. Li, J. Fan, and Y. Luo, “Crowdsourcing-based data
extractionfrom visualization charts,” in Proc. IEEE Int. Conf. Data
Eng., 2020.

[10] C. Chai, G. Li, J. Li, D. Deng, and J. Feng, “Cost-effective crowd-
sourced entity resolution: A partial-order approach,” in Proc. Int.
Conf. Manage. Data, 2016, pp. 969–984.

[11] C. Chai, G. Li, J. Li, D. Deng, and J. Feng, “A partial-order-based
framework for cost-effective crowdsourced entity resolution,”
VLDB J., vol. 27, no. 6, pp. 745–770, 2018.

[12] M. Cliche, D. S. Rosenberg, D. Madeka, and C. Yee, “Scatteract:
Automated extraction of data from scatter plots,” in Proc. Joint Eur.
Conf.Mach. Learn. Knowl. Discovery Databases, 2017, pp. 135–150.

[13] A. P. Dempster, N. M. Laird, and D. B. Rubin, “Maximum likeli-
hood from incomplete data via the em algorithm,” J. Roy. Statist.
Soc. Ser. Methodol., vol. 39, no. 1, pp. 1–22, 1977.

[14] M. J. Franklin, D. Kossmann, T. Kraska, S. Ramesh, and R. Xin,
“CrowdDB: Answering queries with crowdsourcing,” in Proc.
ACM SIGMOD Int. Conf. Manage. Data, 2011, pp. 61–72.

[15] A. Gross, S. Schirm, and M. Scholz, “Ycasd - a tool for capturing
and scaling data from graphical representations,” BMC bioinfor-
matics, vol. 15, 2014, Art. no. 219.

[16] W. Huang, R. Liu, and C. L. Tan, “Extraction of vectorized graphi-
cal information from scientific chart images,” in Proc. 9th Int. Conf.
Document Anal. Recognit., 2007, pp. 521–525.

Fig. 11. Evaluation on efficiency.

Fig. 10. Evaluating b: Quality.

Fig. 9. Evaluating b: Cost.

3548 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 33, NO. 11, NOVEMBER 2021

Authorized licensed use limited to: Renmin University. Downloaded on July 21,2022 at 03:02:22 UTC from IEEE Xplore.  Restrictions apply. 

https://www.mturk.com/
https://echarts.baidu.com/
https://www.amcharts.com/
https://www.highcharts.com/
http://deepeye.tech/


[17] W. Huang, C. L. Tan, and W. K. Leow, “Model-based chart image
recognition,” in Proc. Int.WorkshopGraph. Recognit., 2003, pp. 87–99.

[18] D. Jung et al., “ChartSense: Interactive data extraction from chart
images,” in Proc. CHI Conf. Hum. Factors Comput. Syst., 2017,
pp. 6706–6717.

[19] G. Li et al., “CDB: Optimizing queries with crowd-based selections
and joins,” inProc. ACMInt. Conf.Manage. Data, 2017, pp. 1463–1478.

[20] G. Li et al., “CDB: A crowd-powered database system,” Proc.
VLDB Endowment, vol. 11, no. 12, pp. 1926–1929, 2018.

[21] G. Li, J. Wang, Y. Zheng, and M. J. Franklin, “Crowdsourced data
management: A survey,” IEEE Trans. Knowl. Data Eng., vol. 28,
no. 9, pp. 2296–2319, Sep. 2016.

[22] K. Li and G. Li, “Approximate query processing: What is new and
where to go?” Data Sci. Eng., vol. 3, no. 4, pp. 379–397, 2018.

[23] Q. Li et al., “A confidence-aware approach for truth discovery on
long-tail data,” Proc. VLDB Endowment, vol. 8, no. 4, pp. 425–436,
2014.

[24] Q. Li, Y. Li, J. Gao, B. Zhao, W. Fan, and J. Han, “Resolving con-
flicts in heterogeneous data by truth discovery and source reliabil-
ity estimation,” in Proc. ACM SIGMOD Int. Conf. Manage. Data,
2014, pp. 1187–1198.

[25] Y. Liu, X. Lu, Y. Qin, Z. Tang, and J. Xu, “Review of chart recogni-
tion in document images,” in Proc. Vis. Data Anal., 2013,
Art. no. 865410.

[26] Y. Luo, X. Qin, N. Tang, and G. Li, “DeepEye: Towards automatic
data visualization,” in Proc. IEEE Int. Conf. Data Eng., 2018,
pp. 101–112.

[27] Y. Luo, X. Qin, N. Tang, G. Li, and X. Wang, “DeepEye: Creating
good data visualizations by keyword search,” in Proc. Int. Conf.
Manage. Data, 2018, pp. 1733–1736.

[28] A. Marcus, E. Wu, D. R. Karger, S. Madden, and R. C. Miller,
“Human-powered sorts and joins,” Proc. VLDB Endowment, vol. 5,
no. 1, pp. 13–24, 2011.

[29] A. Marcus, E. Wu, S. Madden, and R. C. Miller, “Crowdsourced
databases: Query processing with people,” in Proc. Biennial Conf.
Innovative Data Syst. Res., 2011, pp. 211–214.

[30] G. G. M�endez, M. A. Nacenta, and S. Vandenheste, “iVoLVER:
Interactive visual language for visualization extraction and
reconstruction,” in Proc. CHI Conf. Hum. Factors Comput. Syst.,
2016, pp. 4073–4085.

[31] H.Park,R. Pang,A.G. Parameswaran,H.Garcia-Molina,N. Polyzotis,
and J. Widom, “Deco: A system for declarative crowdsourcing,” Proc.
VLDBEndowment, vol. 5, no. 12, pp. 1990–1993, 2012.

[32] X. Qin, Y. Luo, N. Tang, and G. Li, “DeepEye: An automatic big
data visualization framework,” Big Data Mining Analytics, vol. 1,
no. 1, pp. 75–82, 2018.

[33] A. Rohatgi, “Webplotdigitizer version 3.8,” 2015.
[34] A. D. Sarma, A. G. Parameswaran, H. Garcia-Molina, and

A. Y. Halevy, “Crowd-powered find algorithms,” in Proc. IEEE
Int. Conf. Data Eng., 2014, pp. 964–975.

[35] M. Savva, N. Kong, A. Chhajta, F. Li, M. Agrawala, and J. Heer,
“Revision: Automated classification, analysis and redesign of
chart images,” in Proc. 24th Annu. ACM Symp. User Interface Softw.
Technol., 2011, pp. 393–402.

[36] C. Shan, N. Mamoulis, G. Li, R. Cheng, Z. Huang, and Y. Zheng,
“T-crowd: Effective crowdsourcing for tabular data,” in Proc.
IEEE Int. Conf. Data Eng., 2018, pp. 1316–1319.

[37] C. E. Shannon, “A mathematical theory of communication,” Bell
Syst. Tech. J., vol. 27, no. 3, pp. 379–423, 1948.

[38] M. Shao and R. P. Futrelle, “Recognition and classification of
figures in PDF documents,” in Proc. Int. Workshop Graph. Recognit.,
2005, pp. 231–242.

[39] B. Tummers, “Datatheif iii,” 2015.
[40] S. N. P. Vitaladevuni, B. Siddiquie, J. Golbeck, and L. S. Davis,

“Classifying computer generated charts,” in Proc. Int. Workshop
Content-Based Multimedia Indexing, 2007, pp. 85–92.

[41] X. Yu, G. Li, Y. Zheng, Y. Huang, S. Zhang, and F. Chen,
“CrowdOTA: An online task assignment system in crowdsourcing,”
in Proc. IEEE Int. Conf. Data Eng., 2018, pp. 1629–1632.

[42] B. Zhao and J. Han, “A probabilistic model for estimating real-
valued truth from conflicting sources,” Proc. 10th Intl. Workshop
Qual. Databases, 2012.

[43] Y. Zheng, G. Li, Y. Li, C. Shan, and R. Cheng, “Truth inference in
crowdsourcing: Is the problem solved?” Proc. VLDB Endowment,
vol. 10, no. 5, pp. 541–552, 2017.

[44] Y. P. Zhou and C. L. Tan, “Hough technique for bar charts detec-
tion and recognition in document images,” in Proc. Int. Conf. Image
Process., 2000, pp. 605–608.

Chengliang Chai received the bachelor’s degree
in computer science and technology from the
Harbin Institute of Technology, Harbin, China, in
2015. He is currently working toward the PhD
degree in the Department of Computer Science,
Tsinghua University, Beijing, China. His research
interests include crowdsourcing data manage-
ment and data mining.

Guoliang Li received the PhD degree in com-
puter science from Tsinghua University, Beijing,
China, in 2009. He is currently working as a pro-
fessor with the Department of Computer Science,
Tsinghua University, Beijing, China. His research
interests mainly include data cleaning and inte-
gration, spatial databases, and crowdsourcing.

Ju Fan received the PhD degree in computer sci-
ence from Tsinghua University, Beijing, China, in
2009. He is currently working as an associate
professor with the School of Information, Renmin
University, Beijing, China. His research interests
mainly include data cleaning and integration,
social network, and crowdsourcing.

Yuyu Luo received the bachelor’s degree in soft-
ware engineering from the University of Electronic
Science and Technology of China, Chengdu,
China, in 2018. He is currently working toward the
master’s degree in the Department of Computer
Science, Tsinghua University, Beijing, China. His
research interests include data cleaning and data
visualization.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

CHAI ETAL.: CROWDCHART: CROWDSOURCED DATA EXTRACTION FROM VISUALIZATION CHARTS 3549

Authorized licensed use limited to: Renmin University. Downloaded on July 21,2022 at 03:02:22 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


